The study of protistan functional diversity is crucial to understand the dynamics of oceanic ecological processes. We combined the metabarcoding data of various coastal ecosystems and a newly developed trait-based approach to study the link between taxonomic and functional diversity across marine protistan communities of different size-classes. Environmental DNA was extracted and the V4 18S rDNA genomic region was amplified and sequenced. In parallel, we tried to annotate the operational taxonomic units (OTUs) from our metabarcoding dataset to 30 biological traits using published and accessible information on protists. We then developed a method to study trait correlations across protists (i.e. trade-offs) in order to build the best functional groups. Based on the annotated OTUs and our functional groups, we demonstrated that the functional diversity of marine protist communities varied in parallel with their taxonomic diversity. The coupling between functional and taxonomic diversity was conserved across different protist size classes. However, the smallest size-fraction was characterized by wider taxonomic and functional groups diversity, corroborating the idea that nanoplankton and picoplankton are part of a more stable ecological background on which larger protists and metazoans might develop.
Introduction
Pelagic protists represent the majority of the eukaryotic diversity in the oceans and fluctuations in protist community composition modulate global ecosystem processes (Worden et al., 2015; Guidi et al., 2016) . Since the end of the last century, a large share of protistan diversity has been unveiled by molecular methods (Caron et al., 2012) , while recent highthroughput sequencing of genomic markers (barcodes) among complex communities (metabarcoding) has provided a greater insight into both oceanic Pernice et al., 2016) and coastal protists (Christaki et al., 2014; Massana et al., 2015; Hu et al., 2016) . In parallel, the functional role of protistan ecological strategies (e.g. mixotrophy or parasitism) has gradually been recognized as crucial in the oceans (Jephcott et al., 2016; Mitra et al., 2016; Scholz et al., 2016; Ward and Follows, 2016; Stoecker et al., 2017 ). Yet, only few efforts have been made to translate molecular diversity (i.e. molecular operational taxonomic units [MOTUs] or OTUs) into functional diversity (but see de Genitsaris et al., 2015) . Understanding the relationship between functional and taxonomic diversity in plankton remains a major challenge of modern microbiology, particularly in the face of climate change and its impact on the pelagic ecosystem (Beaugrand and Kirby, 2018) .
Metagenomic and metatranscriptomic analyses of marine prokaryotes have shown that communities differing in their taxonomic diversity can express similar functional roles by means of shared metabolic pathways (Louca et al., 2016; Coles et al., 2017; Haggerty and Dinsdale, 2017) . A supposed outcome of this functional redundancy would be that changes in taxonomy and functions would be decoupled in time and space. Such a decoupling was observed recently for marine prokaryotes (Louca et al., 2016; Haggerty and Dinsdale, 2017) , leading to the foundation of a new microbial paradigm in which the functional roles would be selected by the environment while the identity of the species playing the roles (i.e. taxonomic diversity) would be independent and driven by dispersal and biotic interactions (Louca et al., 2018) . This paradigm is still being debated (Galand et al., 2018) and, as for now, has excluded protists due to the present limitations in the genome analysis of microeukaryotes (Keeling and del Campo, 2017) .
However, the functional diversity of marine protists could be studied using a biological trait approach, following the examples of research on terrestrial plants (Lavorel and Garnier, 2002) , or benthic (Rigolet et al., 2014) and pelagic macroorganisms (Mouillot et al., 2014) . Trait-based approaches are a field of functional ecology that consist in using functional traits to predict the performances of species within ecosystems (i.e. the fitness of species) (Violle et al., 2007) . Functional traits represent any metric (morphology, physiology, life history, trophic strategy) that influences or relates to the fitness of an organism by impacting its reproduction, survival or resource acquisition (Violle et al., 2007; Litchman and Klausmeier, 2008; Litchman et al., 2013) . Similar trait patterns across species highlight physiological laws, compromises and constraints (i.e. trade-offs), which reveal ecological strategies (i.e. repeated trait combinations across organisms) that are often involved in species functional roles (the role of an organism in its ecosystem; Diaz et al., 2013) . Regarding protists, functional studies of phototrophic organisms (phytoplankton) date back to the works of Margalef (1978) and Reynolds (1984) and for heterotrophs to Fenchel's studies (1982a, b) . These frameworks have been successfully used to predict phytoplankton successions (Smayda and Reynolds, 2003; Alves-De-Souza et al., 2008; Kruk et al., 2011) and to describe the functional responses of heterotrophic protists (Massana et al., 2009; Yang et al., 2013) . In addition, recent reviews of relevant functional traits in plankton have laid down the baseline for a trait-based approach to marine protistan functional diversity (Litchman and Klausmeier, 2008; Litchman et al., 2013) .
This study focuses on the relationship between protistan functional and taxonomic diversity within marine coastal ecosystems. Taxonomic diversity was assessed using the deep resolution of metabarcoding and was associated with functional diversity using a newly created trait approach. Coastal ecosystems were targeted because they encompass physical and hydrodynamic processes (e.g. tides, currents, upwellings, pulses of nutrients, changes in salinity, oxygen or temperature, due to seasonal cycles of freshwater inputs and exchanges with the atmosphere or the sea bottom) that shape the taxonomic diversity of marine protists, potentially corresponding to differing ecological strategies (Cloern, 1996; Barton et al., 2010; Telesh et al., 2013; Lallias et al., 2015; Pearman et al., 2017) . In this study, the relationship between protistan functional and taxonomic diversity is detailed for the first time across marine microplankton, nanoplankton and picoplankton communities.
Results

Environmental characteristics of the sampled ecosystems
A total of 277 water samples were collected in a temporal and/or spatial manner across the coasts of the north Atlantic Ocean (Fig. 1) , representing various environmental gradients (Table 1) Fig. S1 ) of this environmental dataset showed two major gradients. On the first PCA axis (PCA1, 39.92% of the explained variance) samples were distributed along a gradient of nutrient concentrations. On the second axis of the PCA (PCA2, 34.14% of the explained variance) the samples were separated along a salinity-temperature gradient, distinguishing notably oceanic from estuarine waters.
Genetic diversity
Plankton samples consisted of 1145 distinct filters with different pore sizes [(20 or 10 μm), (3 μm) and (0.2 μm)], which separated protist communities into three size-fractions, here called microplankton, nanoplankton and picoplankton. DNA from the water filters was extracted and the V4 domain of 18S-rDNA was amplified and sequenced. After filtration steps, sequences were clustered into OTUs with Swarm 2 (Mahé et al., 2014; 2015) and taxonomically annotated with PR 2 (Guillou et al., 2013) . We retrieved 111 089 distinct OTUs, which accounted for 3.5 × 10 6 reads. Each OTUs was annotated with a taxonomy corresponding to 2007 single taxonomic references (many references were repeated across distinct OTUs). Finally, we created a taxonomic community table based on the relative abundances of each OTU in each sample. Rarefaction curves based on the OTUs present in our dataset did not reach the theoretical asymptotic shape (Supporting Information Fig. S2 ), neither when computed on separate datasets nor when performed by size fractions. Following taxonomic assignment, OTUs with low taxonomic level (i.e. annotated with a taxonomic reference only at the family, supergroup or lower) constituted on average 29% reads per sample (min = 0.3%; first quartile = 17%; third quartile = 40%; max = 95%). Merging all our samples, coastal communities were mostly dominated by Dinophyta, Bacillaryophyta, Chlorophyta, the MArine ALveolates (MALV) and MArine STramenopiles (MAST) groups and Cryptophyta ( Fig. 2A) . The distribution of these taxa was uneven across size-fractions. Dinophyta (45%) and Bacillaryophyta (18%) constituted most of the read number within the microplankton ( Fig. 2A) . The nanoplankton was characterized by a more diversified assemblage comprising not only Dinophyta (23%) and Bacillariophyta (17%) but also Chlorophyta (6%), Cryptophyta (5%) and MALV (3%). Finally, the picoplankton contained Chlorophyta (22%), Dinophyta (10%), MALV (8%), Bacillariophyta (7%), MAST (4%), Cryptophyta (4%) and Picomonadida (3%). OTUs associated to fungi and Radiolaria were present at very low abundance in all samples. Ciliates ('Ciliophora') were often observed at low abundances, and across all size-fractions (microplankton: 3%, nanoplankton: 2% and picoplankton: 4%).
Trait approach and functional groups
First, a conceptual framework of 30 biological traits distinguishing the morphology, trophic strategy, physiology and mode of life of both photoautotrophic and heterotrophic protists was created (see Supporting Information 1 for the ecological relevance of each trait and Fig. 3A ) (Ramond et al., 2018) . Then, we tried to annotate these traits to our OTUs using their taxonomy. Based on a literature survey, we searched for the biological description of the 2007 single taxonomic references annotated to our OTUs and issued from PR 2 (Guillou et al., 2013) , we then tried to annotate them with a modality for each trait. Trait annotation was inferred from 717 literature sources, ranging from general protistology handbooks to specialized papers and websites (the bibliography was annotated for each taxonomic reference). The final annotated table represents the first trait annotation of marine protists; it is public and still improvable (Ramond et al., 2018) . In our study, we used a reduced biological trait for 1669 of the 2007 taxonomic references (83%; Fig. 3B ).
The discarded traits and taxonomic references were poorly annotated due to either a lack of available information or to the low taxonomic level of some taxonomic references. We then developed a method to identify trait trade-offs and functional groups on the basis of our biological trait table (see Experimental Procedures for further details). Following a statistical approach developed for the study of functional diversity (Maire et al., 2015) , our biological trait table of 13 traits was summarized into five Euclidean dimensions (descriptors of our 1669 taxonomic references; Supporting Information Fig. S3 ). We investigated the correlation between our 13 traits and the five Euclidean dimensions, traits that were correlated on the same dimension were considered as being part of a trade-off (see experimental procedures; Supporting Information Fig. S4 ). We identified a trade-off between eight morphological and trophic traits (Supporting Information  Fig. S4 ). To construct the most coherent functional groups, only the dimensions that highlighted trade-offs were used to cluster taxonomic references (1669) with similar traits. With an unsupervised clustering method, six functional groups were evidenced (Supporting Information Fig. S5 ). Finally, we studied the dominant modalities of traits in each functional group which enabled to distinguish various ecological strategies (Supporting Information Figs S6-S11). The functional groups were named accordingly: (1) Parasites (PARA): characterized by their type of feeding, their symbiosis type, their hostattached life strategy and mostly naked cell surface; (2) Strict-heterotrophs (HET): characterized by phagotrohy and the absence of plastids throughout their life cycle; (3) Saprobes (SAP): characterized by their feeding strategy (osmotrophic and saprotrophic); (4) Swimmerphotoautotrophs (SWAT): characterized by swimming abilities, dominantly organic covers, phototrophy and mixotrophic tendencies; (5) Floater-photoautotrophs (FLAT) characterized by non-swimming abilities dominantly siliceous cover, phototrophy and mixotrophic tendencies; (6) and Colonial-photoautotrophs (CAT): characterized by non-swimming abilities, strict phototrophy and the ability to form colonies.
With this methodology, our 1669 taxonomic references were annotated with 13 traits and assigned with one of our six functional groups. The taxonomic references being descriptors of OTUs, we could then estimate the number of OTUs annotated with our traits and to a group. The 1669 annotated taxonomic references corresponded to 52 180 OTUs, a considerably reduced portion (47%) of the original taxonomic community biodiversity patterns between the reduced and the complete dataset. The Mantel test (Mantel, 1967) , calculated on the Bray-Curtis dissimilarity matrices of the two datasets (Ramette, 2007; Buttigieg and Ramette, 2014) , was high (Mantel's test observation = 0.91; p value 0.0001). In addition, two diversity proxies, OTU richness and the Shannon index H 0 (Piélou, 1966) , calculated for the two datasets, were highly correlated (R 2 = 0.88 for OTU richness, R With the taxonomic annotation of the OTUs we could also study the phylogenetic diversity of the six functional groups (Fig. 4) . Most groups (five out of six) proved to be paraphyletic containing OTUs from various branches of the eukaryotic phylogenetic tree. Parasites (PARA) were mostly composed of MALV and Apicomplexans. Strictheterotrophs (HET) were dominated by MAST, Ciliophora, Picomonadida and Dinophyta. Saprobes (SAP) clustered organisms from Ascomycota, Basidiomycota, Bicoceae and Labyrinthulaceae. Swimmer-phototrophs (SWAT) were dominated by Dinophyta, Cryptophyta and Chlorophyta whereas floater-phototrophs (FLAT) were composed of Bacillariophyta (invariably from the family and orders), Acantharia and Chlorophyta. Colonial phototrophs (CAT) were only associated with Bacillariophyta (invariably from the family and orders).
Finally, to characterize the functional diversity of marine protists in coastal ecosystems, the relative abundance of each functional group was calculated on the basis of the relative abundance of the annotated OTUs over the whole dataset (1145 size-fractionated samples; Fig. 2B ). The relative abundance of non-annotated OTUs was high in all size-fractions but lower within the picoplankton (51%, 56.5%, 40.5% for microplankton, nanoplankton and picoplankton respectively). The contribution of the functional groups varied across the sizefractions, in parallel with a change in taxonomic composition ( Fig. 2A and B) . Microplankton was dominated by swimmer-phototrophs (SWAT) and strict-heterotrophs (HET), which together accounted for more than 40% of the annotated reads (30% and 10.5% respectively), whereas within the nanoplankton and picoplankton the relative composition of the functional groups was more even. Floater-phototrophs (FLAT) and parasites (PARA) were more common in the picoplankton (14% and 9% respectively) than in the larger size-fractions (microplankton FLAT: 3%, PARA: 1.5%; nanoplankton and FLAT: 5%, PARA: 3.5%). In contrast, colonial-phototrophs (CAT) relative abundance was higher in the Fig. 4 . Phylogenetic composition of the six functional groups. A simplified phylogenetic reconstruction among taxonomic groups was inspired by a selected bibliography (Schüβler et al., 2001; Gómez et al., 2009; Burki et al., 2010; Howe et al., 2011; Lin et al., 2012; Berney et al., 2013; Yabuki et al., 2013; Keeling et al., 2014; Worden et al., 2015; Aleoshin et al., 2016) . The OTUs of each functional group were associated with a classified taxon. The relative contribution (number of OTUs on total OTUs number in the functional group) of the distinct taxa to the pool of OTU from each functional group has been represented by colours (from grey to red to represent low to high contribution). Functional groups identified are named with acronyms: PARA: Parasites, HET: Strict Heterotrophs, SAP: Saprobes, SWAT: Swimmer photo-autotrophs, FLAT: Floater photo-autotrophs, CAT: non-swimmer, strict-photoautotrophs, colony-forming photoautotrophs. [Color figure can be viewed at wileyonlinelibrary.com] microplankton and nanoplankton (4.5% and 4% respectively) and lower within the picoplankton (2.5%). The relative abundance of saprobes (SAP) was very low across all size-fractions (on average < 0.05% in the microplankton, nanoplankton and picoplankton) and more generally in all samples.
Functional versus taxonomic diversity of marine protists
The relationships between environmental variables, taxonomic and functional diversity in picoplankton, nanoplankton and microplankton communities were studied using the RV statistical coefficient of co-inertia, a multivariate generalization of the Pearson correlation coefficient (Borcard et al., 2011; Legendre and Legendre, 2012; Lê, et al., 2008) . Correlations (RV coefficient) between the taxonomic community table and environmental variables were low but significant across all sizefractions (values for microplankton: 0.45, nanoplankton: 0.22 and picoplankton: 0.19, with p value < 0.0001). Similarly, correlations between the functional community table and environmental variables were low but significant (values for microplankton: 0.34, nanoplankton: 0.16 and picoplankton: 0.10, with p value < 0.0001). For every size-fraction, the correlations (RV coefficient) between the functional and the taxonomic community table were high and significant (values for microplankton: 0.71, nanoplankton: 0.46 and picoplankton: 0.75, with p value < 0.0001) meaning that the taxonomic and the functional diversity of marine protists were tightly coupled.
In order to study if protist communities different for their taxonomic composition were characterized by similar composition of our six functional groups, we computed a Non-metric Multidimensional Scaling (NMDS) for the samples of microplankton, nanoplankton and picoplankton on the basis of their OTUs composition. On each NMDS, samples were clustered together by an unsupervised partitioning of samples using a k-mean method and a simple structure index (ssi) criterion. The relative abundances of the six functional groups within those samples and clusters were calculated. The overall aim was to compare the functional groups diversity across protistan communities distinct for their taxonomic composition (Fig. 5 ). To study if there was an effect of the environment on taxonomic and functional composition, environmental variables were projected as vectors onto each NMDS ordination space.
In the NMDS built from the taxonomic tables independently for each size-fraction (Fig. 5) , plankton samples were clustered in 4, 5 and 5 homogeneous groups for microplankton, nanoplankton and picoplankton respectively. Across all size-fractions, samples from the estuarine DA campaign were markedly isolated on the first ordination axis (simple structure index, ssi, cluster 1; Fig. 5 ), implying a markedly distinct community structure in this set of samples. The functional group structure of the DA samples showed a domination of swimmerphototrophs (SWAT). This estuarine group of samples was usually opposed on the same axis to samples retrieved from the most off-shore areas (PE in the Bay of Biscay and/or MB in the Iroise Sea; ssi clusters 4, 4 and 3 for microplankton, nanoplankton and picoplankton respectively; Fig. 5 ). These clusters were dominated by the swimmer-phototrophs (SWAT) and heterotrophs (HET) groups in the microplankton and nanoplankton and characterized by a more diversified assemblage in the picoplankton, especially with a higher proportion of parasites (PARA), compared to the other size-fractions. Only within the picoplankton was this set of samples well-correlated with ammonium concentration (NH4 + ) and salinity (Sal; Fig. 5 ). In comparisons with estuarine and off-shore waters, the second axis of all three NMDSs represented more typical coastal waters [DY, PH, PI, RA and the coastal stations of MB; into ssi clusters (2 and 3), (2, 3 and 5) and (2, 4 and 5) for microplankton, nanoplankton and picoplankton respectively; Fig. 5 ]. These samples correlated well with a gradient opposing salinity and nutrient concentrations (most notably Si(OH) 4 − , implying a separation between communities of winter/early spring (with enriched and fresher waters) and summer/productive communities (with saltier and depleted waters). Across size-fractions, winter samples were dominated by strict-heterotrophs (HET; ssi clusters 2, 5 and 2 for microplankton, nanoplankton and picoplankton respectively). Conversely, summer/depleted conditions coincided with an equilibrated functional composition with notably the three phototrophic groups (SWAT, FLAT and CAT) in higher abundance across all size-fractions [ssi clusters (3), (2) and (4 and 5) for microplankton, nanoplankton and picoplankton respectively]. Overall, groups of samples dissimilar in their OTU composition also displayed distinct assemblages of functional groups (Adonis test, p value = 0.0001, R 2 for microplankton: 0.45, nanoplankton: 0.35 and picoplankton: 0.36) supposing, again, a tight coupling between taxonomy and functions for marine protists. Interestingly, across size-fractions, functional groups seemed more evenly distributed in the smaller size-fractions while microplankton samples were mostly dominated by strict-heterotrophs (HET) and swimmer-phototrophs (SWAT; Fig. 5 ). To investigate the functional group distribution across size-fractions, the Shannon index of equitability (Piélou, 1966) was calculated on the basis of the functional group relative abundance in each sample (Fig. 6A) . The Kruskal-Wallis test (one-way analysis of variance) indicated that the equitability of functional groups was significantly higher and less variable within the nanoplankton and picoplankton samples than in microplankton (p value < 0.001; Fig. 6A ). Taxonomic equitability (calculated on the relative abundances of OTUs) and richness (number of OTUs per sample) showed similar patterns ( Fig. 6B and C), with significantly lower values in microplankton (p value < 0.001).
Discussion
By means of a taxonomic diversity analysis obtained by the metabarcoding of V4 18S-rDNA of the environmental DNA and a newly developed trait-based approach, we were able to (1) detail patterns of protistan functional diversity and (2) compare patterns of taxonomic and functional diversity of coastal protists. Our trait-based approach enabled the construction of six functional groups, which represented not only relevant ecological strategies but also the functional roles of marine protists. Most functional groups were paraphyletic, being composed of phylogenetically distant groups of protists. Patterns of the taxonomic and functional diversity of coastal protist communities across various environments were described. Both functional and taxonomic diversity appeared more evenly distributed in the smaller size-fractions, while microplankton tended to be dominated by fewer OTUs and functional groups. Lastly, a coupling between protistan taxonomic and functional diversity was highlighted. At the left, and from top to bottom, Non-metric Multidimensional Scaling analyses (NMDS with Bray-Curtis distance) based on the genetic diversity (OTUs) of each sample, are represented for microplankton, nanoplankton and picoplankton. Dot shapes identifies the sample's dataset. Stress values of each NMDS plot, represented at top-right, indicates that two axes were sufficient to represent community dissimilarity between samples. Arrows represent environmental variables fitted onto the two NMDS axes. Samples clustering (colour of the dots) was calculated impartially through the k-mean partitioning of samples in different number of clusters, followed by computation of the simple structure index (ssi) to select the best partitioning. Environmental variables were fitted onto NMDS ordinations with function envfit() of R package 'vegan' (Oksanen et al., 2018) 
From genetic to functional groups of marine protists
The metabarcoding approach was adopted in this study due to its proven efficiency in analysing protistan taxonomic diversity . Nevertheless, this approach leads to analytical problems due to methodological limitations. In our study, water-filter clogging resulted in a relatively low sequencing depth, which prevented us from obtaining the whole picture of protistan diversity from the coastal waters considered (Supporting Information Fig. S2 ; see others e.g. Pernice et al., 2016) . Water filtration also contributes to contamination across size-fractions. DNA from cell-breakage and small-sized gametes or resting stages of typically large organisms are often found in marine metabarcoding surveys (Massana et al., 2004; 2015; Le Bescot et al., 2015) and might partially contaminate smaller size-fractions. The taxonomic annotation was also imperfect as 30% of environmental reads were not annotated. More samples and taxonomic descriptions of rare protists are needed to decrease the proportion of non-annotated reads and to fully describe the nature of this microbial compartment (Caron et al., 2012; Guillou et al., 2013; Keeling and del Campo, 2017) . Despite these limitations, our dataset still presents a valuable DNA sampling of marine coastal waters (273 water samples, 1145 water filters) and the genetic diversity analysed in this study can be considered representative of the most abundant species of the sampled coastal protistan communities. The taxa retrieved in each size-class during this study are indeed consistent with other coastal DNA based surveys (Christaki et al., 2014; Genitsaris et al., 2015; Massana et al., 2015; Hu et al., 2016) . Dinophyta (dinoflagellates) and Bacillariophyta (diatoms) were markedly dominant in the microplankton. These two groups co-occurred with Chlorophyta, Cryptophyta, Picomonadida, MALV and MAST within the nanoplankton and picoplankton, the latter being dominated by Chlorophyta.
The following step was to associate these OTUs with biological traits to describe their functional diversity. As demonstrated by statistical tests, OTUs with a good trait annotation represented a reduced (ca. 50%) but representative share of our complete taxonomic table (52 180 out of 111 089 OTUs). Well annotated traits mostly concerned the trait types of morphology and trophic strategy. Within the life cycle trait type, only the production of resting stage was relatively well-annotated. The number of traits to construct functional groups was further reduced with our trade-off approach. These analyses selected 8 out of 13 traits that were well-annotated and well-correlated. Consequently, five traits were not significant in our functional groups, although considered to be descriptors of protistan ecology ('resting stage' in Litchman and Klausmeier, 2008; Lange et al., 2016; 'size' in Litchman and Klausmeier, 2008; Litchman et al., 2013; Weisse et al., 2016; 'spicules' in Hamm, 2005 ; 'cell shape' in Pahlow et al., 1997) . In fact, the excluded traits probably form trade-offs with traits absent from our functional table.
As an example, cell shape and size usually correlates with growth rate, resource requirement and uptake through allometric laws (Grover, 1989; Nielsen and Sandjensen, 1990; Edwards et al., 2012; Litchman et al., 2013) , while resting stages involve strong investment in the life cycle, longevity, stress-resistance and probably benthic-coupling (Marcus and Boero, 1998; Litchman and Klausmeier, 2008) . The absence of physiological information on marine protists is thus a major outcome of our trait approach. Physiological and resource acquisition trait types are scarcely annotated since these kind of information is only found for a few cultivated species and cannot be generalized to taxonomic references at low taxonomic levels (genus, families). In future research, the combination of physiological traits and phylogenetic approaches could help to overcome this limitation by summarizing trait values, or probability of values, within larger taxonomic groups (Bruggeman, 2011) .
Other biological traits could have also been included in our functional analysis, indeed single-group functional analysis can rely on more specific traits than those used in this study (e.g. for heterotrophs in Fenchel, 1980; Hansen et al., 1997; Weisse et al., 2016) . However, in this first attempt to study the functional diversity of marine protist communities, we selected biological traits that could be generalized to the widest range of marine protist species. This functional representation of marine protistan diversity will certainly be improved over time by inputs from other protist specialists. In addition, we applied this theoretical framework exclusively to coastal communities; the study of its relevance to other ecosystems (e.g. offshore, arctic, deep-sea) remains an interesting objective for future research.
Patterns of functional diversity of coastal protist communities
The 6 functional groups identified in this study define various protistan ecological strategies, which are acknowledged to play key roles in the structuring of pelagic communities (Worden et al., 2015) : phototrophs (SWAT, FLAT and CAT), heterotrophs (HET), parasites (PARA) and saprotrophs (SAP). The phototrophic groups were discernible more by their morphological adaptations, with some carrying mixotrophic potential (in SWAT and FLAT), while the three heterotrophic groups were distinguished by their ingestion methods. Except for colonial-phototrophs (CAT), all the functional groups were paraphyletic (Fig. 4) , including various protistan phylogenetic branches. The paraphyly of our functional groups supposes that similar functional roles emerged along different lineages of protists. The groups of phototrophs echoed the morphological groups and life-forms first proposed by Margalef (1978) and Reynolds and colleagues (1983) . The work of these authors indicated that phytoplankton species adapted their shape and morphology mainly to counter sedimentation, resource scarcity and predation. Our functional groups distinguished swimmers (SWAT), floaters (FLAT) and colony-forming (CAT) species, which also represent adaptations to sedimentation (i.e. swimming can counterbalance sedimentation while colonies increase cell buoyancy, e.g. in Pahlow et al., 1997; Ploug et al., 1999) and predation (swimmers can avoid predation while colonies may discourage predators; Margalef, 1978) . The three heterotrophic groups were divided into three distinct feedingstrategies distinguished according to their prey and/or food preferences (saprobes: dissolved and detrital matter, strict-heterotrophs: prey; parasites: host type). By applying specific functional traits, the strict heterotrophs (HET) group could probably be further subdivided with the addition of phagotrophic-related traits, such as functional and numerical responses (Yang et al., 2013; Weisse et al., 2016) , feeding mechanisms (Kiørboe, 2011) or the maximal size of engulfment apparatus.
The distribution of functional groups varied across the size-fractions (Fig. 2B) . The co-existence of both phototrophic and heterotrophic functional groups in the smallest plankton can be explained by further adaptations. Picosized phototrophs have indeed smaller requirements in comparison with larger phototrophs (Raven, 1998; Marañón, 2015) , which helps them thrive in harsher conditions (Agawin et al., 2000; Worden et al., 2004) . The high abundance and diversification of heterotrophs (HET) within picoplankton might be explained by the omnipresence of prey for small bacterivorous phagotrophs (Logares et al., 2012; Pernice et al., 2015) . The persistence of parasites (PARA) could be explained by the release of numerous small-sized spores from hosts (Park et al., 2004; Guillou et al., 2008) , which could also transform into a dormant stage, remaining resistant over time (Gleason et al., 2014; Scholz et al., 2016) . As a consequence of these distinct strategies in the picoplanktonnanoplankton, the relative contribution of functional groups was significantly more equitable and less variable than in microplankton (Fig. 6A) . This pattern followed that of genetic diversity, in which picoplankton-nanoplanktonic taxonomic communities were characterized by significantly higher and less variable OTU richness and equitability than in microplankton (Fig. 6) . The stability of phylogenetic richness as well as a higher OTU richness in samples of the smallest size-fractions have already been highlighted in coastal ecosystems (Massana et al., 2004; Romari and Vaulot, 2004; Logares et al., 2014; de Vargas et al., 2015) . Here, we demonstrate that this stability is also represented in terms of functional groups diversity. Overall, our results show distinct ecological patterns of marine protists across size-fractions, both in terms of taxonomy and functions. Protistan communities in the microplankton appear to be mostly dominated by assemblages with low taxonomic and functional groups diversity, while protistan communities in the nanoplankton-picoplankton consist of more diversified assemblages in which the dominance of the different taxonomic and functional units fluctuates over space and time. This corroborates the idea that the nanoplankton and picoplankton are part of a more stable ecological background on which larger protists and metazoans might develop (Fenchel and Finlay, 2004; Massana, 2011) , in agreement with broader ecological theories on the distribution of size and species richness (Hutchinson and MacArthur, 1959) .
Coupling between functional roles and taxonomy among marine protists of coastal ecosystems
The environmental variables used in this study to characterize the sampled ecosystems enabled the identification of classic environmental gradients found in coastal environments. Heterotrophs coincided well with off-shore and winter conditions, which classically highlighted the greater influence of microbial loop processes in these environments (Azam et al., 1983; Legendre and Rassoulzadegan, 1995) . Phototrophs were more abundant in nutrientdepleted samples, consistent with the typical cycle of phytoplankton uptake (Cloern, 1996; Cloern and Jassby, 2008) . However, our functional groups corresponded to ecological strategies that could be dependent on other environmental variables not measured in this study. For instance, water-mixing and grazing pressure could favour the floater, non-swimming, phototrophs (FLAT) and colonial phototrophs (CAT) (Landeira et al., 2014) . Oxygen concentrations, abundances of prokaryotic preys, particulate and dissolved organic matter concentrations, have also been shown to correlate with the large-scale distribution of heterotrophic protists (Pernice et al., 2015) and myco-plankton dynamics (Taylor and Cunliffe, 2016) .
Our study showed that, in protistan coastal communities, changes in taxonomic composition corresponded to variations in the relative proportion of functional groups. For marine prokaryotes, the results are more contrasted. Some studies report a decoupling between the metabolic potential and taxonomic composition, which has been attributed to a high functional redundancy (Sunagawa et al., 2015; Louca et al., 2016) ; reversely, other authors showed strong covariations between the taxonomy of prokaryotes and their metagenome across distinct samples, challenging functional redundancy (Galand et al., 2018) . These divergences stress the need for a common approach, a common definition and tests across distinct scales to answer the debate over microbial functional redundancy. Nevertheless, protists and prokaryotes could also contrast in functional redundancy due to distinct evolutionary and selection processes. Different prokaryotes developed multiple cooperating enzymes, which evolved in parallel with biogeochemical cycles (Falkowski et al., 2008) . As a consequence, the functional roles of prokaryotes in their environment are explained at the molecular and metabolic level. Furthermore, among prokaryotes, horizontal gene transfer is a major process of evolution (Cohan, 2002) . Two distinct prokaryotic phyla can, thus, exchange genes (Koonin et al., 2001) and their functional roles might be coded by few genes easily exchangeable by horizontal transfer. This process is thought to create a community-wide functional redundancy among prokaryotes, which could explain the decoupling between their functional and taxonomic diversity (Allison and Martiny, 2008; Falkowski et al., 2008; Louca et al., 2016) . Micro-eukaryotes demonstrate their functional role at the cellular level, having developed various behaviours, specialized morphology, interactions, adaptations and strategies (Massana and Logares, 2013) . This functional complexity is coded by multigene patterns (Burns et al., 2018) , which are more difficult to exchange by horizontal transfer across species (Massana and Logares, 2013; Keeling and del Campo, 2017) . Protist functional diversity can therefore be explained by specific morphology and trophic behaviours that evolved separately across micro-eukaryotes, justifying the close link between the taxonomic and functional diversity in environmental communities.
Conclusions
The description of morphological characteristics and feeding behaviours of protists was enough informative to describe the functional community patterns of coastal micro-eukaryotic assemblages. A close coupling between the taxonomic and functional diversity of coastal protistan communities was evidenced in this study. This contrasts with prokaryotic oceanic communities in which functional roles are mostly played at the molecular level and easily exchangeable, blurring the borders between taxonomy and functions. Each species of protist has developed its own particular blend of morphological and behavioural features, which constitute rarely exchangeable functional roles, favouring a strong coupling between taxonomy and function. We also showed distinct functional diversity patterns between large and small protistan communities. Thus, microplankton seemed more prone to be dominated by one or few functional groups while the smallest size-fraction exhibited the co-existence of various phototrophs and heterotrophs in a sample. This hypothesis needs to be tested in larger experimental frameworks and beyond coastal ecosystems. Our innovative analysis, based on information gathered from the literature, is also perfectible. In fact, the dearth of crucial information on protists, especially their physiological traits, is one of the results of our analysis. This emphasizes the constant need for observations to further understand the structure of protistan communities, both in situ and in vitro and comprising, for example microscopy, taxonomic abundances and ecological fluxes. Despite sequencing limitations, studying the genomic basis of functional roles can also represent an interesting prospect in the functional ecology of protists. As more protistan genomes become accessible, it will become more feasible to predict phenotypic information, ecological strategies and functional roles based on DNA sequences.
Experimental procedures
Sampling strategy
A total of 277 water samples was collected with temporal and/or spatial strategies across coastal ecosystems of France and Senegal (Fig. 1 ). Samples were collected at the surface water with comparable procedures (0-5 m depths). For some sites, additional samples were collected at the depth of the Deep Chlorophyll Maximum (DCM) and at the mesopelagic level, identified by CTD profiles. Water replicates (one or two) were sampled during most cruises (Table 1) .
Seawater samples were collected in Niskin bottles and gradually filtered onto polycarbonate membrane filters, 47 mm in diameter with a pore size of 20 (or 10), 3 and 0.2 μm. Particles of the first two size-fractions (> 3 μm) were separated by means of a peristaltic water pump and Swinnex filter holders. For the last size-fraction, 0.22 μm polyethersulfone Sterivex filters were used for the samples of MB and RA at the end of the pumping circuit. For other cruises, 0.5 to 1 l of the residual filtrate from the higher size-classes was filtered onto 0.2 μm filters. This size-fractionated sampling yielded a total of 1145 filters enabling the study of plankton sizeclasses. For convenience, we define here our sizefractions as microplankton (> 10 or 20 μm), nanoplankton (3-20 or 10 μm) and picoplankton (0.22-3 μm) plankton. Sampled water was filtered until filter clogging, which yielded a variable filtered water volume ranging from 0.5 to 10 l across the different samples. After filtration, filters were immediately frozen in liquid nitrogen and then stored at −80 C until genetic procedures. The lysis buffer was added to the RA filters before freezing. HR automatic analyser following the procedures described by Aminot and Kérouel (2007) .
Genetic procedures
A metabarcoding approach was adopted to characterize the taxonomic diversity of the sampled communities. The hyper-variable V4 domain of the 18S-rDNA region was chosen as a barcode for its conservative character within the eukaryotic microbial community and its relatively long length (230-520 bp; Nickrent and Sargent, 1991) which allows a relatively good genetic distinction of marine protists (Stoeck et al., 2010; Behnke et al., 2011; Dunthorn et al., 2012) . Genetic methods were the same for all cruises, except for the RA dataset (Roscoff-Astan). Genomic DNA was extracted using the DNA extraction kit NucleoSpin Plant II (Macherey-Nagel, Hoerdt, France). DNA from RA filters was extracted with two buffers, one lysis buffer containing lysozyme (45 min at 37 C) and one composed of proteinase K and SDS (1 h at 55 C).
The extract was treated with phenol:chloroform:isoamyl alcohol and then processed with the NucleoSpin extraction kit. Blank extractions with nuclease-free water were carried out as negative controls for contamination during the process. The quality and concentration of extracted DNA was measured using a BioTek FLx800 spectrofluorophotometer and a Quant-iT PicoGreen ds DNA quantification kit (Invitrogen, Carlsbad, CA), respectively, following the manufacturer's instructions. The final DNA concentration of all extracts was normalized to 5-10 ng/μl. PCR was then run with V4 markers assembled with the GeT-PlaGe adapters of the sequencing platform Genotoul verified by gel electrophoresis; triplicate reactions were pooled and purified using NucleoSpin Gel and PCR Clean-up (Macherey-Nagel, Hoerdt, France). Purified products were diluted to obtain equimolar concentrations before library construction at Genotoul for Illumina MiSeq (2 × 250 bp) sequencing. Six libraries were constructed, keeping separate the samples from different cruises and locations. Sequence data are available at sextant.ifremer. fr/record/16bc16ef-588a-47e2-803e-03b4acb85dca/.
Sequence data cleaning, filtering, clustering into OTUs and taxa annotation Sequenced data were submitted to quality checking by built-in modules of the USEARCH program (Edgar et al., 2011) comprising (1) removal of reads with biased nucleotides (according to the Phred score < 1%), (2) elimination of reads with incomplete or wrong primer sequences, (3) chimera removal and (4) merging of paired-end reads. In order to eliminate PCR errors and read-sample crosscontamination, a strict data cut-off was applied to the cleaned dataset. Singletons and sequences present in fewer than two samples and with a total of fewer than three reads over the whole dataset were removed . All sequences were assigned with a taxonomic reference using the V4 reference database PR 2 (Guillou et al., 2013) . All sequences with a percentage of identity to the reference database ≤ 80% were removed (Stoeck et al., 2010; de Vargas et al., 2015; Mahé et al., 2017) considering that values under this threshold highlighted sequencing errors. Reads annotated to 'Metazoa' and to multicellular plants were also removed from the database, whereas annotated fungi were kept. Metabarcodes were then clustered into operational taxonomic units (OTUs) by the agglomerative, unsupervised single-linkage clustering algorithm Swarm 2 (Mahé et al., 2014; 2015) , with a default clustering threshold of d = 1 . This clustering led to the creation of 111 089 OTUs cumulating into 3.5 × 10 6 reads. Each of these OTUs was given the taxonomic reference of its most abundant metabarcode, resulting in 2007 distinct taxonomic references. Sampling quality was evaluated by rarefaction curves (reads vs. OTU numbers) calculated with the rarecurve() function of the R package 'vegan' (Oksanen et al., 2018) (Supporting Information Fig. S2 ).
Trait approach and functional groups
The analytic steps of our newly developed method are detailed in Fig. 7 . To carry out a trait annotation on our metabarcoding dataset we used the taxonomy, i.e. the 2007 taxonomic references given by PR 2 (Guillou et al., 2013) , of our OTUs. The trait annotation was carried out by searching the biological description of each taxonomic references in the literature (Ramond et al., 2018) . Based on this work we built a trait table composed of 1669 taxonomic references and 13 traits.
To identify relevant functional groups among our taxonomic references we developed a statistical approach inspired by a previous publication (Maire et al., 2015) . The Gower distance was computed on the biological trait table to calculate a distance matrix of the selected taxonomic references (1669) according to their traits (13); this distance was then analysed by Principal Coordinate Analysis (PCoA; Supporting Information Fig. S3 ). The Gower distance was used here because it can deal with different sorts of traits (e.g. numerical and categorical traits) (Legendre and Legendre, 2012; Maire et al., 2015) . The following PCoA (Supporting Information Fig. S3 ) creates a linear mapping of the Gower distance onto an ordination space composed of multiple Euclidean dimensions on which taxonomic references are represented by scores (Ramette, 2007) . The number of relevant Euclidean dimensions, here 5, was selected according to a neutral statistical method (Maire et al., 2015) . The ordination represents the 1669 taxonomic references distributed according to the similarity in their trait composition (Supporting Information Fig. S3 ). This similarity is structured on the basis of trade-offs (i.e. constraints in trait selection), e.g. colony-formation or heavy cell-covers are useful for avoiding predators but limit phagotrophic possibilities, representing a trade-off between cell cover and trophic strategy. To investigate the trade-offs among our traits, we studied the correlation between the traits and the PCoA dimensions with the Spearman Rank test (Supporting Information Fig. S4 ), the dimensions that correlated well with distinct traits represented trait trade-offs. Finally, we used the scores of each taxonomic reference on the PCoA dimensions to build functional groups. The Simple Structure Index (SSI) method of k-mean was used as an impartial criterion to select the best partitioning of our taxonomic references into functional groups (Borcard et al., 2011; Laliberté and Legendre, 2010 ; Supporting Information Fig. S5 ). To build functional groups that represented cohesive ecological strategies, the clustering method was run only on the dimensions that highlighted trade-offs (Supporting Information Fig. S5 ). As an example, when including the dimension correlating only with the trait of resting stage (showing no trade-off with other traits, see PCoA 3 in Supporting Information Fig. S4 ) the number of functional group was duplicated according to the presence of a resting stage (e.g. heterotrophs with a resting stage and heterotrophs without a resting stage). We preferred to build larger functional groups, based on trade-offs, that comprised intragroup trait diversity. To characterize our functional groups, we studied the dominant modalities of traits in each functional group (Supporting Information Figs  S6-S11) .
By re-associating the taxonomic references to their respective OTUs we could then annotate our OTUs with traits and a functional group. Functionally annotated OTUs represented a reduced portion of the complete dataset (52 180/111 089 OTUs). Correlations between both datasets were calculated with the Mantel test (Mantel, 1967) . The method consists of comparing two dissimilarity matrices sharing the same samples but based on differing variables. Here, the dissimilarity matrices of the complete and the reduced datasets were calculated with the Bray-Curtis distance, which is suitable for datasets affected by the 'double-zero problem' (Ramette, 2007; Legendre and Legendre, 2012; Buttigieg and Ramette, 2014) . Mantel tests were calculated with 9999 permutations. OTUs richness and the Shannon index were also compared between the complete and reduced dataset with the Pearson correlation coefficient (Supporting Information Fig. S12 ). To study the phylogeny of our functional groups we used the taxonomic references of our OTUs and build a simple phylogenetic tree of eukaryotes, we then studied the proportion of the distinct phyla on the total number of OTUs inside each functional group. Finally, the read abundance of the OTUs inside each functional group was cumulated to calculate a relative abundance of the functional groups in each sample. In this way, a functional community table was built.
Statistical analyses
A Principal Component Analysis (PCA), computed on temperature, salinity and nutrient measurements (NOx = NO 3 − + NO 2 − , PO 4 3− and Si(OH) 4 − ) was performed (Supporting Information Fig. S1 ). This analysis enabled the characterization of environmental gradients and highlighted differences between the sampling cruises. Unfortunately, these environmental characteristics were not available for some samples, which were thus absent from the PCA. In particular, the Senegalese samples lacked temperature and salinity measurements, while the whole set of environmental variables was completely absent for the 2015 samples of the PI and PH cruises. Relationships between environmental variables, taxonomic and functional diversity in picoplankton, nanoplankton and microplankton communities were tested with the RV statistical coefficient of co-inertia, a multivariate generalization of the Pearson correlation coefficient (Borcard et al., 2011; Legendre and Legendre, 2012; Husson et al., 2008) . The test was run on the taxonomic community table, the functional community table and the environmental dataset (same samples that were used in the PCA) of microplankton, nanoplankton and picoplankton samples. The samples without environmental measurements (the same as in the PCA analysis) were discarded from this analysis and tests were conducted with 256, 254 and 271 samples for microplankton, nanoplankton and picoplankton respectively. For deeper investigations, the same dataset was used and a Nonmetric Multidimensional Scaling Analysis (NMDS) was calculated on the complete taxonomic table (with the Bray-Curtis distance) to ordinate samples of each size-fraction on the basis of their OTU composition. Environmental values were fitted as explanatory vectors on the two axes of the NMDS with the envfit() function of the 'vegan' package (Oksanen et al., 2018) . Clusters of samples were constructed on the basis of the ssi method of k-mean partitioning. The relative proportion of each functional group was calculated within each cluster of each size-fraction. The Adonis test, a non-parametric multivariate analysis of variance (Oksanen et al., 2018) (with 9999 permutations), was used to determine if the functional groups showed a distinctive distribution across the clusters within each size-fraction.
Finally, the Shannon index (Piélou, 1966) was calculated on the basis of the functional and taxonomic community tables, as well as OTU richness. These metrics were compared across the size fractions with a KruskalWallis test (a non-parametric one-way ANOVA test).
All statistical and data analyses were performed with R software (R Core Team, 2018) ; in particular, the community analyses were carried out with the 'vegan' and 'FactoMineR' packages (Oksanen et al., 2018; Lê and Husson, 2008) .
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